Abstract: This paper presents development of a multivariate forest structural complexity index based on relationships between field-based structural variables and geospatial data. Remote sensing has been widely used to model individual forest structural attributes at many scales. As opposed to, or in addition to, individual structural parameters such as leaf area index or tree height, overall structural complexity information can enhance forest inventories and provide a variety of information to forest managers, including identifying damage and disturbance as well as indicators of habitat or biodiversity. In this study, a multivariate modelling technique, redundancy analysis, was implemented to derive a model incorporating both horizontal and vertical structural attributes as predicted by an ensemble of high-resolution multispectral airborne imagery and topographic variables. The first redundancy analysis axis of the final model explained 35% of the total variance of the field variables and was used as the complexity index. With a root mean squared error of 19.9%, the model was capable of differentiating four to five relative levels of complexity. This paper presents the forest ecological and modelling aspects of the research. A related paper presents the remote sensing aspects, including application of the model to map predicted structural complexity, map validation, and testing of the method at multiple scales.
Introduction
Understanding patch-level structural variations across a forest can enhance inventories and provide important information to forest managers. Specifically, information with respect to damage and disturbance (e.g., Cosmopoulos and King 2004; Wulder et al. 2008) as well as potential indicators of habitat or biodiversity (e.g., Winter et al. 2008; Pasher and King 2009 ) can be derived from horizontal and vertical structural information.
Remote sensing has been used for over two decades to model individual horizontal and vertical forest structural attributes at a variety of scales (e.g., Franklin and Strahler 1988; Cohen and Spies 1990) . Specifically, structural attributes such as leaf area index (LAI), canopy closure, crown diameter, basal area, stem density, and tree heights have been the focus of most research. Modelling can involve image spectral and often spatial information, the latter usually in conjunction with very high-resolution sensor data. In the research presented here, airborne multispectral imagery was selected based on its generally low acquisition and processing costs for small coverage, its straightforward interpretation, and because this study follows on from the foundation of previous studies as described below. Other data have also been used successfully for forest structure modelling, including airborne synthetic aperture radar (SAR) (e.g., Breidenbach et al. 2008 ) and light detection and ranging (LiDAR) (e.g., Anderson et al. 2008) . Catling (1997a, 1997b) presented early research using remote sensing to model and map forest structural complexity as a multivariate construct. Using four band visible and near-infrared airborne videography with 2 m ground pixel size, they modelled eucalyptus forest habitat complexity as represented by an additive index of visual scores for canopy cover, shrub cover, ground vegetation cover, soil moisture, and debris (adapted from Newsome and Catling 1979) . Using the same data set, Coops et al. (1998) refined the method by incorporating automated tree delineation to provide spectral and spatial statistics for individual tree crowns and crown clusters. Wunderle et al. (2007) used the first principal component of field-measured attributes (crown closure, crown diameter, overstorey and understorey species composition, overstorey diameter at breast height (DBH), heights, age, stem density, and basal area) as a structural complexity index in a boreal coniferous forest. It was then regressed against image variables extracted from pan-sharpened SPOT data (2.5 m panchromatic image fused with 10 m multispectral image). These studies are examples of structural indices that are predefined based on field ecological principles and data (see McElhinny et al. (2006) , which presents a standardized methodology for such index development) and then modelled using remotely sensed data. In the following, studies are presented that have explored the relationships between remote sensing data and forest structure and, based on those relationships, developed a multivariate structure index for predictive mapping. They are representative of the approach taken in the research presented in this paper. Olthof and King (2000) used canonical correlation analysis to examine linear relationships between multiple forest structural variables and image variables in a mixed boreal forest. Forest structure variables included crown closure, LAI, and live, standing dead, and fallen basal area. Image variables were derived from 50 cm pixel multispectral airborne digital camera data and included spectral brightness from within crowns and shadows as well as textural information. The first canonical variate was used as an imagebased forest structure index. Cosmopoulos and King (2004) refined this methodology using regression of all image variables against the forest structure index and applying the resulting model in temporal mapping of forest structure change due to disturbance from nearby mining activities.
In a similar type of exploratory analysis, Sampson et al. (2001) used redundancy analysis (RDA), which is similar to a combined principal components analysis (PCA) and canonical correlation analysis and the focal method of this paper (see Modelling structural complexity using RDA section). They investigated relationships between forest structural variables (overstorey and understorey canopy openness, crown area, and basal area) and spectral indices calculated from hyperspectral airborne imagery to differentiate between three silviculture practices in a hardwood forest. Unfortunately, results were weak and dependent on the inclusion of clearcut plots with very high canopy openness. de la Cueva (2008) used RDA to differentiate forest types in western Spain through the derived relationships between structural variables (total vegetation closure, overstorey canopy closure, basal area, stem density, and stand height) and Landsat spectral variables and topographic data.
Research objectives
The primary objective of this research was to develop a multivariate structural complexity index in a temperate hardwood forest based on modelling the relationships between field-based structural variables and geospatial data. The geospatial data comprised variables extracted from high-resolution multispectral remotely sensed imagery and topographic information. Most past research has shown relationships between image texture or spatial dependence measures with composition or structural parameters, which vary horizontally over space. The current research advances this field of research by (i) examining structural modelling combining vertical and horizontal forest heterogeneity, (ii) incorporating multivariate information from both the imagery/topographic (predictor) and forest (predicted) data sets, and (iii) examining spatial information within individual canopy objects or spectrally defined fractions, such as the shadow fraction, to provide information on vertical structural heterogeneity. Since forest structure is inherently a multiscale concept, the image predictor variables used to explain fieldbased structural variations were extracted from multiple scales including at the overall plot scale and from individual objects information within the plots (i.e., individual tree crowns and canopy gaps).
Methods

Study area
The research was carried out in a small portion of Gatineau Park in southern Quebec. The selected study area ( Fig. 1 ) was completely dominated (>99%) by hardwoods, with the dominant overstorey species being sugar maple (Acer saccharum Marsh.) and with small patches dominated by American beech (Fagus grandifolia Ehrh.), trembling aspen (Populus tremuloides Michx.), and red oak (Quercus rubra L.). Small numbers of red maple (Acer rubrum L.), basswood (Tilia americana L.), ironwood (Ostrya virginiana (Mill.) K. Koch), white ash (Fraxinus americana L.), black ash (Fraxinus nigra Marsh.), white birch (Betula papyrifera Marsh.), and black cherry (Prunus serotina Ehrh.) are also present. Being on the Canadian Shield, the topography is rolling with elevation variations of up to 300 m .
The study area was also selected where previous ice storm modelling and mapping had been carried out as well as ongoing LAI modelling (Gonsamo et al. 2010) . The ice storm combined with site characteristics (soil, drainage, and topography) have produced a diversity of horizontal and vertical forest structural conditions. The narrow rectangular shape of the study area was a direct consequence of the limited view angle of the airborne camera and the desire to minimize the number of flightlines.
Field data and structural measurements
In the summer of 2007, locations for 50 field plots were selected to represent the full range of structural and topo-graphic conditions of the study area. The overstorey tree size and position, canopy closure, understorey and ground vegetation, and the amount of standing and fallen dead wood were qualitatively assessed before plot installation. The majority of plots were selected to have structural complexity in the middle portion of the range observed in the field. The remaining plots were split between areas with visually higher and lower structural complexity levels, which were known to be less frequently occurring and much smaller in size compared with medium-complexity areas.
At each location, a 20 m Â 20 m field plot was established and the GPS position recorded. Plot size was chosen for continuity with previous forest structure research in the park ) and based on optimal plot extent research for sample-based image analysis in this forest (Butson and King 2006) . Field measurements taken in each plot were selected based on the literature as well as their expected manifestation in the imagery, either directly (e.g., crown size and canopy closure) or indirectly (e.g., large coarse woody debris that is not generally visible in the imagery but may be associated with overstorey gaps). Table 1 provides a summary of the field variables that were measured, which, as a group, represented the structural conditions in the plots.
Overstorey tree size and distribution
Overstorey trees (DBH > 10 cm at a height of 1.3 m) were measured in terms of presence, size, and horizontal distribution. These trees form the upper canopy and were expected to be visible in the imagery as well as directly influence the light conditions below. Each tree's DBH, height (using a clinometer), and crown diameter (major and minor perpendicular axes projected to ground level) were measured. Plot averages and standard deviations were calculated, the latter as a representation of tree size (DBH and crown diameter) variance and vertical stratification (height variance (Zenner 2000) ). Additionally, the numbers of large living and dead (snags) trees were calculated as the number beyond the 90th size percentile (DBH > 35 cm) of all trees over all plots (N = 1055). Basal area was calculated by summing the individual basal area of all live trees in the plot and converting to units of square metres per hectare.
The average distance between trees was calculated, having been shown to be a useful horizontal structural indicator (Spies and Franklin 1991) . More complicated indices such as the Clark-Evans index (Clark and Evans 1954) were not used, since indices are often difficult to interpret compared with simpler statistical measures calculated from the data distribution. Canopy openness and LAI Canopy openness and LAI are common indirect measures of canopy structure (e.g., Frazer et al. 2000) that provide information related to productivity and light conditions in the forest, which impact the understorey and ground vegetation and can greatly affect stand structure and function (Canham 1988) . Digital hemispherical photographs were taken in each plot using a Nikon Coolpix 8800 (8 MP) with an FC-E9 fisheye lens (1808 field of view) under diffuse sky conditions. Photographs were taken at the plot centres to provide general measures of structure. Testing of the use of multiple photograph locations in low-, medium-, and high-complexity plots showed that a single photograph taken at the plot centre represented well the relative LAI and openness across the complexity gradient of the study. In addition, as some areas of low or high complexity were very localized, use of multiple photographs throughout plots in such areas would have included canopy of different vertical structure outside the plot but within the 558 view angle used for LAI extraction. An extendable pole was used to acquire photographs at heights of 1 and 6 m to provide additional vertical stratification information (Soudani et al. 2002) . The hemispherical photographs were processed using DHP.exe (v. 4.5.2) and Tracwin.exe (v. 4.1.1) (Leblanc 2006) to calculate LAI using the CLX clumping index from hemispherical photographs (558-608 zenith angle) (Leblanc et al. 2005 ). Canopy openness, or percent open sky (Frazer et al. 2000) , was calculated using an integration of the gap fraction across the zenith angles from 08 to 608 (Miller 1967; S. Leblanc, personal communication (2008) ).
Understorey and ground vegetation
In temperate hardwood forests, unless a major gap has been created that provides for penetration of direct sun irradiance, understorey and ground vegetation are generally not directly visible or measurable from airborne imagery. However, there is a direct connection between vegetation abundance and structure below the upper canopy with the overstorey structure in terms of canopy gaps and light penetration (Canham 1988) . Therefore, understanding the vertical structure of the understorey can provide useful information contributing to the quantification of overall complexity (Spies and Franklin 1991) . A line intercept method was used with a 50 cm sampling interval along the diagonals of the field plots (28 m length). Vegetation presence in five height classes was recorded: <10 cm (herbs and low grasses), 11-50 cm (ferns and tall grasses), 51 cm -1 m (seedlings), 1-2 m (shrubs), and >2 m vegetation with DBH < 10 cm (following methods described for the same forest by Pisaric et al. 2008) . The tallest vegetation present at each sample point was recorded, providing an overall understanding of vertical heterogeneity across the plots, as opposed to recording multiple heights at a single location.
Dead wood
Dead wood was measured in terms of snags and coarse woody debris (CWD). Snags >1.3 m in height were counted in each plot and their DBH and height were recorded to calculate average and standard deviation of snag size as well as dead basal area. CWD was sampled using the same line intercept method described above. The diameter of each piece of CWD that was >7.5 cm (Canadian Forest Inventory Committee 2004) and that intersected the line was recorded, permitting the tabulation of the number of pieces as well as the estimated volume of large CWD (Van Wagner 1964) . Since the estimated volume was later found to be highly correlated with the number of pieces sampled, only the number of pieces was retained.
Airborne imagery acquisition and processing
Three-band CIR imagery (near-infrared, red, and green) was acquired just after solar noon over the study area on 21 August 2007 using a Duncantech Inc. MS4100 camera at a flight altitude of 650 m to achieve 20 cm nominal ground pixel size with a maximum view angle of 9.58. This high resolution was selected to provide capability for delineation of tree crown objects and analysis of within-crown and within-shadow spectral and spatial information, which had been shown to be useful in forest structure modelling in previous research of the authors' research group (e.g., Lévesque and King 2003; Seed and King 2003) . Spatial variations in brightness due to sun-sensor-surface geometry, specifically bidirectional reflectance variation, topography (slope and aspect in relation to subangle), and sensor-lens effects (Teillet et al. 1982; Pickup et al. 1995) , were corrected using a net empirical correction (Pasher and King 2010) . A mosaic of the images was then created and georeferenced to 2004 orthophotographs of 25 cm pixels (National Capital Commission 1998) using a thin plate exact fit spline with 38 control points. The root mean squared error (RMSE) for this procedure was approximately 3 m in both the X and Y directions or about 2% of the plot area.
Predictor/explanatory variables
A variety of image variables (Table 2) were derived for each field plot directly from the airborne imagery. Spectral information (image brightness, which is linearly related to reflectance), spatial information (variations in image brightness between pixels), and object (e.g., shadow and tree crown) information were extracted at multiple scales, including over the full plot, for individual objects, and from within objects. The average and standard deviations of these variables were calculated. The normalized difference vegetation index (NDVI) was retained as an image metric because, while it often saturates in areas of high LAI, it was expected to be sensitive to structure in lower LAI areas as well as within shadows. The percentage of each plot classified as canopy, shadow, and exposed wood was calculated from an ISODATA unsupervised clustering map (as in Seed and King 2003) . Similarly, subpixel fractions of these three classes were calculated using linear spectral unmixing (as in Lévesque and King (2003) and Pasher et al. (2007) ). Grey level co-occurrence matrix (GLCM) image texture (Haralick et al. 1973 ) was calculated using a 5 pixel Â 5 pixel (1 m Â 1 m) moving window. It was derived for the whole plot and separately for crown and shadow clusters. Increased texture within crowns was expected to be associated with increased crown openness and, in turn, increased understorey and ground vegetation abundance. Higher texture within shadows was expected to represent the presence of understorey vegetation and possible dead wood seen through canopy gaps. Semivariogram measures (range and sill), which have been shown to be related to field-measured structural attributes (Treitz and Howarth 2000; Lévesque and King 2003) , were calculated for each plot in each spectral band. Finally, as a potential indicator of crown size, horizontal tree distribution, and canopy openness, tree crowns and shadows were delineated as individual objects using an automated algorithm (Pouliot et al. 2005) . The number and size distribution of these two types of objects were measured as well as measures of object shape complexity (Patton 1975) , which were expected to increase in a more open and irregular overhead canopy.
Elevation, slope, and aspect as well as a measure of solar illumination (Riano et al. 2003) were derived from a digital elevation model with 10 m Â 10 m cell size and a vertical RMSE of approximately 5.7 m (National Capital Commission 1998; Bemrose 2006).
Modelling structural complexity using RDA
The multivariate nature of forest structural complexity, remotely sensed data, and topographic data lends itself well to multivariate statistical techniques designed to explore relationships between multiple predictors and response variables. RDA, which can be thought of as a PCA of multivariate regression predicted values (Stewart and Love 1968; Legendre and Legendre 1998) , is an excellent statistical tool for this type of analysis. In a simplified manner, an RDA is carried out by calculating multiple linear regressions for each response variable (y) individually (in this case the field variables) followed by a single PCA of the fitted/predicted response variables (y'). The resultant components, or canonical axes, which are uncorrelated and represent decreasing proportions of the original variance in the set of response variables, can then be interpreted in terms of their relationship to the original field variables (similar to examining factor loadings in a PCA) and the explanatory/predictor variables that were included in the model (Legendre and Legendre 1998) .
A two-stage RDA was carried out using bootstrapping for variable selection and model validation. A linear response between explanatory and response variables was assumed following tests for unimodality, which examined the gradient length, described in ter Braak and Š milauer (2002) . It could be hypothesized that certain field variables, such as canopy openness, would exhibit unimodal relationships with certain image variables. For example, both an extremely open and closed canopy would result in homogeneity in the imagery, while heterogeneity in the imagery would be seen with intermediate closure in the canopy. However, since only half of the full distribution of potential values (canopy openness ranged from 3.3% to 45.5%) existed in these data, they were approximated using a linear relationship.
As summarized in Fig. 2 , a two-stage RDA procedure was programmed in Matlab incorporating existing code from Peres-Neto et al. (2006) and Jones (2008) (R. Proulx, personal communication (2008) ). In the first stage, 500 iterations of the RDA using forward stepwise selection were run, each time randomly selecting 40 of the 50 field plots and resulting in 500 models. This ensured that variable selection was not solely dependent on the set of input data used. In the second stage, these models were individually tested by running each through an RDA, this time not using stepwise selection but instead entering only those variables that were selected in the first stage. This second stage was also bootstrapped, running 500 iterations and selecting 40 out of 50 plots each time. However, at each iteration, the 10 field plots that were withheld were used to validate the model, with cumulative statistics recorded over the second round of 500 iterations. The average adjusted R 2 and the average Akaike information criterion were summarized for each model. The predicted first RDA axis (RDA predicted ) was calculated by applying the RDA model to the set of image variables of the 10 validation plots. RDA predicted represented the predicted canonical axis produced from a linear combination of predictor (i.e., image and topographic) variables. Canopy and shadow objects Number, mean, and SD of size of canopy objects in each plot (using tree delineation algorithm (Pouliot et al. 2005) ) and area of shadow objects Mean and SD of shape complexity within each plot (deviation from circularity: Patton 1975) Topographic Elevation, slope, and aspect Solar illumination calculated at image acquisition time (Riano et al. 2003) Note: With three spectral bands, there are multiple variables within each subcategory, with a final total of 86 image-based explanatory/predictor variables. The mean is the average calculated for all pixels in the sample. SD is the standard deviation calculated for all pixels in the sample.
It was then directly compared with the corresponding variate calculated using the observed information (RDA observed ) from the 24 field variables measured in each of the 10 plots. Therefore, similar to validating multiple regression models, only with multiple dependent variables instead of a single one, a predicted y variable (RDA predicted ) and an observed y variable (RDA observed ) were calculated. Since the RDA produced canonical axes that were in a different projected space from the original data, the observed field variables were first transformed into the equivalent projected space as the modelled canonical axes using a transformation matrix (the U matrix (Legendre and Legendre 1998) ). The correlation (referred to from this point on as ''r-validate'') and the RMSE (% RMSE of the range of actual RDA values) between RDA predicted and RDA observed were then calculated and the average values were derived from the 500 iterations for each model. The models were ranked from best to worst based on the validation statistics and the top models were selected for further evaluation. The final selected RDA model was processed using CANOCO 4.5 (ter Braak and Š milauer 2002), which provided the desired numerical and graphical outputs.
Results
Field plot structural conditions
Ten field plots were qualitatively identified as having relatively low structural complexity, while 11 had relatively high complexity. Both of these conditions were less common throughout the study area than the structural conditions of the remaining plots. These divisions were subjective and qualitative and not used for any quantitative analysis, but they served as a means to visually classify and understand the structural differences between plots. Low structural complexity was generally represented by homogeneous overstorey, no ground vegetation or continuous low ground vegetation, and very little to no CWD (Figs. 3A and 3B ). High structural complexity typically included large canopy gaps, variable overstorey tree sizes, and significant amounts of CWD, often in piles, mixed with variable ground and understorey vegetation (Figs. 3C and 3D ). This was reflected in large differences in the hemispherical photographs and resulting canopy openness and LAI measurements for the 1 and 6 m heights (Fig. 4) . Table 1 shows summary statistics for each of the attributes. Skewed variables were individually transformed prior to being used for modelling.
RDA modelling and development of a structural complexity index
Bootstrapping resulted in 500 models that provided a range of explained variance of the field variables and included a range of predictor variables (Table 3 provides summary statistics of the models). The RDA models included between one and 14 predictor variables (mean = 3.12) with adjusted R 2 values from 0.17 to 0.48 (mean = 0.29). The best three models, based on the results from validation in the second-stage RDA bootstrapping analysis, had nine predictor variables, which was deemed to be too many given that there were only 50 field plots in the model. The fourth through seventh ranked models included the same six predictor variables (adjusted R 2 = 0.40, RMSE = 20%) in order of contribution to the model: (1) within-crown standard deviation of GLCM homogeneity, (2) within-crown average GLCM correlation, (3) green band semivariogram range, (4) the number of delineated canopy objects, (5) standard deviation of green band shadow brightness, and (6) incoming solar radiation. From a practical perspective, since the semivariogram is computationally intensive to calculate for every pixel across the image to apply such a model to produce a continuous map, and since semivariogram range was correlated with many other variables (r > 0.6), it was decided to select the next (eighth) ranked model that did not include semivariogram measures. It included five variables, three being the same as variables 1, 2, and 5 listed above. The other two variables entered were the average withinshadow NDVI and elevation. This model and the relationships of these five variables with structural complexity are described below.
The selected model, processed for all 50 plots together (CANOCO output in Table 4 ), had an adjusted R 2 of RDA1 = 0.35 (p < 0.001). The second RDA axis provided a further 6% explanation; however, it was not highly significant (p = 0.080) and as discussed later was not of particular interest. The first axis was defined as a structural complexity index (SCI), as it represented a multivariate structural complexity gradient. The average RMSE for the model, derived through bootstrapping, was 19.9%.
An examination of the biplot scores (Table 5) showed that standard deviation of within-crown GLCM homogeneity (IM1) and the average within-crown GLCM correlation (IM2) were positively correlated with SCI and that increasing complexity within tree crowns, caused by dead or thin branches and small gaps in the crowns, manifested itself as greater variation in crown reflectance (texture and texture variation across the crown). SCI was positively correlated with within-shadow average NDVI (IM3) relating to the presence of vegetation within canopy gaps at heights just below the upper canopy. SCI was negatively correlated with within-shadow texture (standard deviation of the green band, or IM4), again potentially showing a gradient of increased shadow homogeneity caused by an increasing density of vegetation within the gaps. This variable provided little contribution to the SCI and was difficult to interpret and was potentially included in the RDA simply as a suppressor variable. Finally, elevation (IM5) was positively correlated with SCI, although it provided very little contribution to the axis. It is a similar topographic variable to solar illumination (r = 0.40, p = 0.004), although it is less complex. At higher elevations in the study area, it was evident that overstorey trees were generally smaller in height and crown size, resulting in a more open canopy with increased light suitable for understorey and ground vegetation growth. Conversely, the SCI showed that complexity increased with increasing average overstorey DBH along with increasing canopy openness. Generally speaking, canopy openness showed a greater impact on complexity compared with tree size, and although not highly significant, the second RDA axis, which was predominantly composed of elevation variance (r = 0.73, p < 0.001), showed that at increasing elevations, the average crown size and overstorey DBH decreased and canopy openness increased. Figure 5 presents the triplot created for the selected model using CanoDraw (ter Braak and Š milauer 2002). It provided various types of information, including the information previously presented by the image biplot scores. The five predictor variables (IM1-IM5) are displayed as red arrows with their length and direction relative to SCI (RDA1 on the X-axis) indicative of their contribution to the SCI. Each field variable (N = 24) is displayed as a blue arrow; field variables positively correlated with one another are drawn close to each other (e.g., number of overstorey trees and live basal area; r = 0.60, p < 0.001). Arrows that point in opposite directions are negatively correlated (e.g., number of overstorey trees and average crown diameter; r = -0.46, p < 0.001) and arrows that approach right angles to one another are not correlated (e.g., number of overstorey trees and (H) . Large differences between the 1 and 6 m photographs can be seen in the highcomplexity plot as a result of the thick understorey vegetation (H-1m) and the large canopy gaps (H-6m). The opposite was generally true in the low-complexity plots where little understorey vegetation was present to block the camera lens (L-1m) and few significant canopy gaps existed (L-6m). Note: Statistics calculated for each of the 500 models were used to rank models and select a final model for further evaluation. Finally, the triplot displays the 50 field plots based on their RDA score on each axis. From left to right along the X-axis, the structural complexity of the plots increases. Additionally, the field plots can be examined in terms of individual structural attributes. For example, Plots 37, 40, and 44, which were predicted to have low structural complexity, had among the highest number of overstorey trees, while Plot 50 with high predicted structural complexity had relatively few overstorey trees, which were of variable sizes (DBH and height), large canopy gaps, and abundant understorey vegetation (covering 97.3% of the plot). The field plots are shown in Fig. 5 with colours reflective of the preliminary qualitative classification that was assigned to each plot when they were established. For the most part, plots assessed as relatively low (green dots) or high (red dots) complexity were predicted to have low or high SCI values, respectively. This is shown in a simplified manner in Fig. 6 where the original three qualitative classes (Y-axis) are plotted against the RDA-predicted SCI score (X-axis). This figure confirmed that most low-and high-complexity plots were distinguishable but that there was a small amount of overlap with medium-complexity plots. Visual analysis of the triplot provided a summary of the SCI, but an examination of the signs of the bivariate correlations between SCI and the individual field variables (i.e., the field variable biplot scores used to define the arrows on the triplot) shown in Table 6 provided additional explanation. From this table, it can be seen that increasing structural complexity was associated with (i) increasing canopy openness, increasing understorey vegetation (>2 m), and decreasing low ground vegetation (0-50 cm), (ii) increasing size of overstorey trees (average DBH), greater numbers of large trees, fewer overstorey trees, and decreasing live basal area, and (iii) larger snags (average snag DBH), more dead basal area, and more CWD pieces.
Discussion
Development of an SCI
While the first RDA axis (SCI) provided explanation for only 35% of the variance in the field data, it was never expected to be used to predict actual values of the individual field variables but instead to represent the general multivariate gradient of structural complexity. Potential sources for the unexplained variance include measurement error and the inherent randomness associated with a natural system. The topographic variables represented the general light regime and macrosite characteristics; however, microsite characteristics that are known to be related to damage susceptibility and regeneration were not included. Soil type, depth, and rockiness, which are known to affect the structure of forests (e.g., Diaci and Boncina 2005; Schmoeckel and Kottmeier 2008) , were not included in the analysis, since these variables were not thought to manifest themselves directly or indirectly in the imagery. Structural variations beneath the canopy were not expected to be completely manifested in the imagery, since understorey radiance exiting through the canopy is mostly evident only in gaps between trees where understorey vegetation is immediately below the overstorey layer. As well, while the camera view angle was relatively narrow (9.58), the solar zenith angle at the time of acquisition was greater (33.78). Understorey vegetation that is below the overhead canopy is often in areas adjacent to overhead gaps where sunlight penetrates the canopy at the given solar zenith and azimuth angles. Thus, its radiance may not be directly evident in the imagery within gaps. The use of LiDAR data to provide vertical canopy structure and a bare earth elevation model could potentially help to overcome such issues.
A variety of field-based structural indices have been developed to quantify and differentiate levels of forest structural complexity. Subjectively scored indices, such as that presented by Newsome and Catling (1979) , do not require intensive field data collection; however, their repeatability is limited. Similarly, additive indices based on field measurements, such as the 18-attribute index of Van Den Meersschaut and Vandekerkhove (1998) , often rely on subjective weights for each structural attribute in the index. Other indices such as those presented by Zenner (2000) , Staudhammer and LeMay (2001), and Pommerening (2002) were designed with silvicultural practices in mind, particularly related to stand growth and development. These indices are constructed using only a few structural attributes, usually related to overstorey tree size and distribution, and do not include information about dead wood or understorey and ground vegetation. McElhinny et al. (2006) developed an index without subjective weights that combined 13 structural attributes, including overstorey, understorey, ground vegetation, and dead wood information. All of the above methods for deriving a field-based index have benefits but they are limited to point-or plot-based sampling across a forest. Their potential for mapping with remote sensing may also be constrained if the field attributes selected for the index do not contribute to radiance exiting the canopy (e.g., proportions of rock and litter in relatively closed canopies). Remotely sensed imagery provides spatially extensive data and development of an SCI based on the multivariate relationships between image and field attributes provides greater potential for mapping complexity over a given area. However, such an index may have reduced sensitivity to ground vegetation conditions. 6 . Relationship between the modeled SCI (X-axis) shown using a standardized scale from lowest SCI (-2.7) to highest SCI (2.3) and the initial visual field classification by complexity level. Field plots that showed confusion between classes are circled for each complexity class (i.e., low, medium, and high).
The results presented here were considered successful compared with similar RDA-type modelling studies using remote sensing, with the SCI explaining approximately 35% of the variance in the field-collected structural information. In comparison, Sampson et al. (2001) , using only spectral information extracted from hyperspectral airborne imagery in hardwood forests, did not produce useful relationships with respect to developing a gradient of complexity. Their modelling rested solely on the canopy openness variable and the relationship was lost altogether when clearcut plots were removed. Olthof and King (2000) , followed by Cosmopoulos and King (2004) , used a pseudo-RDA analysis to derive a forest structure index that provided approximately 26% and 28% explanation of the original field data, respectively. Finally, de la Cueva (2008), using spectral (albeit lower spatial resolution Landsat) and topographic information, found a maximum of 24% explanation when combining both the first and second RDA axes.
RDA methods have some significant advantages over other SCI methods. Multicollinearity of field attributes was not a major issue, and therefore, the inclusion of multiple response (field) variables accounting for some of the same variance does not matter. Within RDA, the dimensionality is reduced using PCA, and therefore, multiple correlated field variables, for example as shown by clustered structural attributes (blue arrows) in Fig. 5 , are reduced to a single vector. Consequently, preprocessing of field variables (e.g., as in McElhinny et al. 2006) to produce an uncorrelated core variable set is not required. The methods presented relating field-based structural complexity to image variables utilized raw field data measured in a set of field plots. Since this type of raw information is readily available in forest inventory plots, no further information, or processing of that information, is required.
Interpretation of the SCI from an ecological perspective
The bivariate correlations between the field variables and SCI (Table 5 ) allowed the SCI to be interpreted in terms of its representation of field-based structural complexity. Increased understorey vegetation resulting from increased canopy openness and light penetration (Canham 1988) provided vertical heterogeneity in certain study plots. This was predominantly from maple saplings that have benefited from canopy damage caused by the 1998 ice storm. Pisaric et al. (2008) showed that plots in Gatineau Park that experienced greater ice storm damage generally showed little increase in ground vegetation below 50 cm height in the 2 years following the storm. These results are supported in this research, which showed more complex plots to have less low ground vegetation, most likely due to shading from saplings that grew quickly following the storm.
Higher structural complexity was also represented by increased amounts of dead wood (increasing snag DBH and number of pieces of CWD). The benefits of both standing dead trees and woody debris on the forest floor in terms of providing habitat and increasing biodiversity are well known. However, not surprisingly, the actual number of snags in the field plots was uncorrelated with SCI (r = -0.04, p = 0.782). The number of pixels representing snags within each plot was very small and therefore probably not well represented in the plot-based image variables. As well, many of these snags were created 9 years earlier in the severe ice storm of 1998. The surrounding vegetation structure had changed significantly in the intervening years, creating a disconnect between the presence of snags and many of the other variables. As a result, snags did not appear to be a main contributor, although they are certainly important structures. The number of snags was also not well correlated with other field variables that were not measures of dead wood (|r| average = 0.21, |r| maximum = 0.48). This finding provided justification for associated research investigating the detection and mapping of snags as a separate habitat indicator (Pasher and King 2009 ), which could be integrated with the SCI presented here. Interestingly, five of the 24 field variables were found to be uncorrelated with the SCI (Table 5 ). Crown diameter measurements were known to have significant error due to the measurement methods (tests showed~14% coefficient of variation). Another variable, 1-2 m ground vegetation, was positively correlated with the second RDA axis; however, that axis was not found to be highly significant. While only providing a small amount of explanation, the second RDA axis did show that some structural variance was explained by elevation. This supported existing research showing greater ice storm damage, and therefore greater complexity, at higher elevations in Gatineau Park ).
Application of results and future research
This research presents methods for developing an imagebased SCI that could be used as an indicator of disturbance, habitat, and biodiversity. The two RDA error measures, RMSE (19.9%) and the proportion of plots (82%) well distinguished as high or low structural complexity (Fig. 6 ), indicate that this modelling procedure could be used to accurately identify and target areas of high or low structural complexity for further field assessment or for monitoring of disturbance and major structural changes over time. Structural complexity as an indicator of biodiversity can be integrated into forest inventory (e.g., Winter et al. (2008) using inventory plot data) and conservation management. Using a remote sensing approach, potential for mapping structural complexity and associated biodiversity value is increased.
The index and models developed are associated directly with the imagery used and therefore are not meant to be spatially extended to other areas unless field and image conditions are consistent. Instead, the methods for modelling structural complexity could be used to develop similar relationships and information in new areas. As well, the methods and results presented in this manuscript are not intended for coarse-scale mapping and monitoring programs but rather for local (patch) scale forest management. A full analysis of the impact of changing scale up to 1 m pixels on the SCI models and mapping accuracy showed that the contributions of the various types of spatial information in such images decline at coarser scales but that some are still significant (Pasher and King 2010) ; this would not be the case for moderate-resolution data such as Landsat. An ongoing project developed following the completion of this research is investigating these aspects (Torontow and King 2010) . It is being conducted over a larger area with Quickbird imagery (1 m panchromatic pixels and 2.5 m multispectral pixels) in more mixed wood conditions and it is comparing image modelling of direct field-based indices derived using the methods of McElhinny et al. (2006) with the RDA image-based modelling methods of this paper. Preliminary results show that both types of methods are capable of producing useful models for structural-compositional complexity modelling.
The inclusion of other sources of information such as Li-DAR data, which have been shown to be very useful for extracting three-dimensional forest structural information (e.g., Lim et al. 2003; Anderson et al. 2008) , could potentially increase the strength of the SCI modelling. Of particular interest to this research was the work by Anderson et al. (2008) , which modelled forest structural parameters (albeit individual parameters and not a multivariate forest representation) using LiDAR in a northern temperate forest. They compared the use of airborne hyperspectral data in combination with LiDAR with the use of each data set on its own. Results showed that for six structural parameters examined, the average adjusted R 2 values increased from 0.26 (LiDAR) and 0.32 (hyperspectral) to 0.42 when the two data types were used together. Such results suggest that while LiDAR data could be very important for forest structural modelling, image information may be as or more important and should not be dismissed. While LiDAR data are becoming increasingly affordable, collection over small areas is more expensive compared with airborne or satellite multispectral imagery. Further research comparing and combining multispectral and LiDAR data will be conducted in the Gatineau Park, as LiDAR data were acquired in 2010.
Conclusions
This research contributes to ongoing efforts to develop remote sensing based methods to enhance field-based measurement and monitoring of forest structural variations. While most remote sensing based forest structure research has focused on modelling individual horizontal and vertical structural attributes, this research presented methods for exploring and modelling forest structure as a multivariate construct. The use of high-resolution remotely sensed data and RDA modelling is a new approach for measuring structural complexity across a forest. The method relies on relationships between measured field data and image or topographic data to drive the model rather than predefining a field-based index and trying to model it with remote sensing data. While the study was conducted in a temperate hardwood forest in southern Quebec, the methods are applicable to other forest types. Modelling multivariate structural complexity within a forest using a set of field plots and geospatial information, including both remotely sensed imagery and topographic information, would permit forest managers to map local structural complexity variations across the entire forest. This can provide information related to damage and disturbance as well as information related to habitat and biodiversity, which is increasingly becoming of great interest to forest practitioners responsible for forest inventories (e.g., Winter et al. 2008) . With forests being managed to maintain, if not enhance, complexity, this type of information, especially spatially across the forest, is extremely valuable (Larson 2007) .
